Rice straw open-field burning is practiced in many countries and has been proven to be a significant source of emissions during the harvest season. Current approaches to obtain the fraction of rice straw subject to open burning vary significantly, and can lead to incorrectly estimating air pollutant emissions. This study proposes a remote sensing approach by classifying high-resolution imagery taken by Formosat-2 (FS-2) to map burned areas of rice paddy fields during harvest season to provide visualized and accurate estimations. We requested FS-2 image acquisition over the Chianan Plain, which is the greatest rice-producing area of Taiwan, during 3 weeks following the harvesting of the fall crops in 2009. Simultaneously, a mobile team on the ground examined the state of the rice paddies when FS-2 was scheduled to take the images. Based on these data, a procedure that integrated a ground truth-based classification scheme, land use data, spectral signatures, and supervised decision rules was applied to identify burned sites. The results were verified using the field data, with an overall accuracy of 87% for distinguishing among the 6 cover types of rice paddies, showing that 27.3% of the paddies within the study area were openly burned. Based on the mapping results, a comprehensive inventory of the air pollutant emissions from straw open burning in Taiwan is presented. To facilitate the management of emission sources and to improve local air quality, we encourage the use of FS-2 imaging to monitor the open burning of rice straw.
INTRODUCTION
The burning of crop residues in fields is one of the most significant activities of global biomass burning (excluding biofuels; Streets et al., 2003) , and contributes substantially to air pollution. This is particularly true for the treatment of rice straw in Asian countries, where more than 1.2 million km 2 of land is used to grow rice, accounting for 60% of rice production worldwide, and there are 2 annual growing seasons. After harvesting, the waste rice straw is frequently burned in the open in regions with insufficient time before planting the next crop to remove and dispose of it in a more controlled manner, such as in a furnace or by using another closed burning technique (Calvo et al., 2011) . In addition, some farmers believe that rice straw open burning (RSOB) can remove weeds, control diseases, and release nutrients policies can be implemented to reduce air pollution.
Determining the quantity of rice straw that is subject to open burning is the basis for estimating the related air pollutant emissions (Gadde et al., 2009) , assessing the influence of toxic emissions (Estrellan and Iino, 2010) , managing available biofuel resources (Elmore et al., 2008) , and approximating the emissions inventory (Kanabkaew and Oanh, 2011 ). However, current approaches to obtaining the percentage of straw burned in the field are relatively indeterminate, and may lead to uncertain estimations (Venkataraman et al., 2006) and incorrect decisions. First, RSOB typically occurs in vast regions within 1-2 weeks of harvesting. Traditional survey methods (e.g., sending patrolmen to fields or distributing questionnaires to local farmers and residents) provide limited information for spatiotemporal coverage. Second, because of the declining air quality, the estimates from local surveys may be biased because farmers tend to conceal the truth regarding RSOB. For example, although air pollution problems from RSOB remain one of the leading public concerns in Taiwan, agricultural agencies claim that this type of burning only contributes a limited amount of emissions. Therefore, the percentage of straw that is subject to open burning, abbreviated as B in the calculation of pollutant emissions (Streets et al., 2003; Kanabkaew and Oanh, 2011) , is typically based on educated estimations (Hao and Liu, 1994; Gadde et al., 2009) , with the values being extremely uncertain and having a wide range in the reported data (Kanabkaew and Oanh, 2011) . Consequently, a monitoring approach that can better "visualize" the B value from both temporal and spatial perspectives is significance.
Satellite remote sensing provides a method to create 2D synoptic views and low-or high-frequency observations over long periods, which may be capable of visualizing RSOB-related activities, thereby enabling more accurate estimations. For example, the burned area derived from the VEGETATION instrument onboard Systèm Pour l'Observation de la Terre (SPOT) 4 satellite (GBA-2000) (Gregoire et al., 2003) has been used to estimate global burned biomass that is associated with open vegetation fires at a 1 km 2 (1 × 1 km) resolution (Ito and Penner, 2004) . The hotspots of active fires detected by the mid-infrared and thermal wavebands of the moderate resolution imaging spectroradiometer (MODIS) onboard the Terra and Aqua satellites provides the opportunity to have a direct matching of daily fire counts at a 1 km 2 grid resolution (Justice et al., 2002) and has been applied to catalogue emissions from open biomass burning in India (Venkataraman et al., 2006) . However, in Asian countries, the size of a rice paddy field commonly ranges from one-half to several hectares, which is considerably smaller than the spatial scale of satellites with 1 km 2 resolutions, which can cause mixed pixel problems in image classification. In addition, shortlived fires, such as manufactured RSOBs that occur during the gaps between satellite repeat cycles, frequently fail to be included in active fire data (Kanabkaew and Oanh, 2011) . Therefore, although remote sensing is of practical use in determining global biomass burning, thus far it has not been applied to the estimation of RSOB on a regional scale.
Image classification based on visible bands provides an alternative method for detecting the burnt areas of RSOB, such as by directly labeling rice paddies with a burned black color in satellite images. The advantage of visible bandbased classification is that it can easily be applied to most satellite images. Furthermore, the accuracy and specificity of classification on a regional scale can be enhanced by the use of high spatial resolution images and available GIS data, such as land-use data or the cadasters of rice paddies (Lau and Shiao, 1998) . Formosat-2 (FS-2) is the first satellite with a high spatial resolution sensor (2 m in panchromatic, PAN) to be placed in a daily revisit orbit (i.e., 1 day of repeating cycles). It is the second satellite owned and operated by the National Space Organization (NSPO) of Taiwan. Studies have demonstrated the potential of FS-2 for site surveillance (Liu, 2006) , rapid disaster response detection (Liu et al., 2009a) , illegal gravel mining (Liu et al., 2009b) , and environmental monitoring (Chang et al., 2009; Liu et al., 2009c) , supporting the use of FS-2 imagery for monitoring RSOB and visualizing the B value in Taiwan.
This study demonstrates the combined use of FS-2 imagery and land-use data as the basis for deriving a map of RSOB areas in Taiwan. Consequently, a supervised image classification algorithm was trained and verified by a mobile team during 3 weeks in the harvest of the fall crop season in 2009. These maps enable a better understanding of the temporal and spatial variability of rice straw burning in the studied area. The percentage of rice straw subject to open burning (B value) during the fall crop season in 2009 was obtained using the derived RSOB map and by comparing these results to other regionally specific data in Asia. In addition, based on the newly estimated B value and reported data, we updated the database of the emission inventory (EI) for RSOB in Taiwan. Air pollutants included in the new EI are CO 2 , CO, CH 4 , N 2 O, NO x , SO 2 , NMHC, EC, OC, PM 2.5 , PM 10 , PCDD/Fs, and total PAHs.
MATERIALS AND METHODS

Study Area
The Chianan Plain is an alluvial plain located in the central-southern region of Western Taiwan (Fig. 1) . Because of the rich soils and the suitable climate conditions, the Chianan Plain is the highest rice-producing area in Taiwan according to the density of rice paddy fields and greatest rice production, with 2 growing seasons per year. The first growing season in the Chianan Plain typically begins at the end of December, and the harvest is from the end of June to mid-July. The second growing season begins 15-20 days after the first season has ended, and the harvest is from mid-November to early December. As shown in Fig. 1 , the Chianan Plain is located in Changhua County, Yunlin County, Chiayi County, and Tainan City, where, during the harvest season, residents frequently complain that RSOB is the most serious source of air pollution (TWEPA, 2007) . Furthermore, in addition to direct health effects, the smoke caused by open burning near roads can reduce drivers' perception, causing accidents.
An 8600-ha area in the northern part of Chiayi County was selected as the study area. A total of 4660 ha of rice was planted in the study area during the second growing season of 2009, which was 25% and 4.5% of the total area planted in Chiayi County and Taiwan, respectively. As shown in Fig. 1 , the study area is notable for the intensive farming of paddy rice and the presence of the busiest highway in Taiwan (i.e., National Freeway No. 1). In addition, the site was selected because its entire area is just sufficient to be covered on the second of the 7 FS-2 swaths covering Taiwan, negating the need for image merging (Chang et al., 2009) , and can be surveyed by a mobile team on the ground within several hours.
Formosat-2 Image Acquisition and Pre-Processing
FS-2 is the second satellite owned and operated by the NSPO of Taiwan. The FS-2 imagery is available for 2 m resolution in panchromatic (PAN) and 8 m resolution in 4 multispectral (MS) bands ranging from visible to nearinfrared, with scene coverage of 24 × 24 km. Table 1 shows the spectral specifications and spatial resolution of the remote sensing imager (RSI) onboard the FS-2. Images taken by FS-2 can be purchased from 4 image distribution centers in Taiwan or from an international company (NSPO, 2012). FS-2 was the first satellite with a high spatial resolution sensor placed in a daily revisit orbit, and therefore, can take daily images of any accessible area in the world. The availability of daily images for a particular area is uncertain and depends on the weather conditions and job priority of the NSPO. For example, although we requested intensive FS-2 image acquisition during the study period ( All raw images were preprocessed by the automatic Formosat-2 image processing system (F2-AIPS; Liu, 2006) , including band-to-band coregistration , orthorectification (Liu and Chen, 2009) , geometrical registration of the multi-temporal imagery (Liu et al., 2009b) , and radiometric normalization of the multi-temporal imagery (Chang et al., 2009) . Following image orthorectification, a root mean square error (RMSE) of 1.5 pixels (3 m) for the geometrical registration was obtained using F2-AIPS.
Integrating GIS Data and Ground Survey for Image Classification
The basis of multispectral image classification is the automatic categorization of all pixels in an image into several land cover classes based on the spectral patterns (Lillesand et al., 2004) . Depending on the complexity of the land covers, a set of spectra classes may be composed of various types of land uses (e.g., urban and agriculture), stages of a certain use (e.g., paddies and harvested paddies), or special activities on the ground (e.g., burned and unburned crops). To obtain significant information relevant to RSOB and to enhance the overall classification accuracy, strategies to narrow the range of possible classes to be classified and to identify cover types of interest were used, respectively.
Land Use Data Integration
Land use information is the description of how people use land, which is distinct from the term land cover. The information is commonly collected using remote sensing (NLSC, 2011) . The land use map of our study area, Chiayi County, was produced in 2007, and has a map scale of 1:5000. We assumed that the differences between the land use in 2007 and when this study was conducted (2009) were negligible. The feature class of rice paddy in the land use map was considered a boundary confining the is-rice pixels in the image, and the not-rice pixels were masked out of the image.
Training Areas and Classification Scheme
Following the masking procedure, the range of targets to be classified was narrowed to a single use: rice paddy. As mentioned, there were various cover types for rice paddies within the transition time between the harvest and regrowing. A classification scheme that can cover types relevant to "burned area" is imperative to estimate the fraction of rice straw subject to open burning. For example, if only the 2 categories of "crop" and "burned crop" are available in the classification scheme, fields in which the soil is being prepared for the next season may be mistaken for "burned areas" because their surface spectral feature (color) is closer to a "burned crop" than to a "crop." In this case, the caused error of inclusion would overestimate the B value. In addition, the B value is underestimated because of the error of exclusion if a parcel of burned field with weed regrowth is mistaken for "crop." Consequently, this study proposes a ground truth-based classification scheme to reduce these errors and increase the overall accuracy.
While FS-2 was taking images of the study area, 43 representative training areas were identified by the ground team to compile a numerical signature file for the supervised classification. The training areas were identified by taking photographs and locating the center point of the paddy with a handheld GPS. By visually comparing the field data and corresponding FS-2 image collected in training areas, a classification scheme with 6 cover types was constructed, as listed in Table 2 . Pixels that were insufficiently similar to any of the listed types following the supervised classification were labeled "unknown." The proposed scheme was merely used to spectrally distinguish each pixel from among classes that could not cause additional errors in classifying the primary burned areas (i.e., Types C and D). The scheme was not intended to statistically cover all of the possible themes that can occur within a harvest and regrowth season. The validity of the scheme can later be confirmed by a classification error matrix resulting from the verification data set.
Supervised Classification with the Maximum Likelihood Function
In the classification stage, the Gaussian maximum likelihood method was used as a decision rule to classify the unknown pixels into appropriate categories. The probability of a given pixel value being a member of a particular theme (i.e., the likelihood function) was rapidly calculated based on the established category spectral response patterns and the normality assumption of the pixels that formed the category training data (Lillesand et al., 2004) . The pixel was assigned to the most likely type with the maximum likelihood function or was labeled as unknown if the probability values were all below a set threshold. A high threshold value (meaning that more pixels are classified as unknown) can ensure the accuracy of classification but results in the loss of more information that could be extracted from the image. For example, if the classification target is not diverse and the classification scheme is sufficient to cover most of the pixels, then setting a high threshold value reduces the overall accuracy by increasing the errors of omission. Therefore, rule images that contain classification measures such as the number of matches and probabilities were created during the supervised classification procedure. By referring to these rule images, the lowest threshold value that satisfied the overall classification accuracy was used in this study. F Not yet harvested.
Finally, in the verification stage, classification performance was evaluated by comparing the results to other groundtruth data identified in the corresponding verification area by the same mobile team during the study period. Because the team aimed to identify training samples, the fieldwork of positioning and type labeling for the ground-truth data was not performed during the 2 days when FS-2 took the clear images. Both error matrices resulting from the classifying verification set and 3 indicators of accuracy for image classification (i.e., producer accuracy, user accuracy, and overall accuracy) were calculated to quantify the classification performance (Lillesand et al., 2004) .
Estimation of the Air Pollutant Emissions from RSOB
Following the generic methodology that the Intergovermental Panel on Climate Change (IPCC) uses for national greenhouse gas inventories (IPCC, 2006) , the emissions of the specific air pollutant i from agricultural and forestry sources for any type of fire can be calculated as
where E i is the emission of air pollutant i from RSOB in tons/y, C f is the combustion factor (dimensionless), G ef,i is the emission factor (EF) of pollutant i in g/kg dry matter burnt (g/kg dm ), and M B is the mass of rice straw available for open burning in tons/y. The C f value is the measure of the proportion of fuel that is actually combusted, which depends on the size, architecture, crop-specific burn efficiency, and moisture content of the fuel load (IPCC, 2006) . The IPCCrecommended C f value of 0.8 for rice residues was used in this study. Although the IPCC guideline provides recommended values of G ef for general GHGs, these were not specified for rice straw. Therefore, the G ef data used in this study were selected based on a comprehensive review of journal articles and reports. Table 3 lists the selected EFs for GHGs and the conventional and harmful air pollutants associated with straw open burning. EFs that are within the recommended range of the IPCC and constitute the latest data available for rice straw open burning are preferred. Finally, M B was estimated from the annual production of paddy (i.e., unhusked rice) as
where B is the fraction of straw subject to open burning (%), P is the annual paddy production (tons/y), and R SP is the rice straw to paddy ratio (dimensionless). As mentioned, the most uncertain part in the estimation of RSOB emissions constitutes the choice of a B value. In this study, the value of B was obtained by the image classification result. The paddy production data are available from the national statistics agency. According to the annual food statistics report for 2007 to 2010 (Agriculture and Food Agency, 2010) , the annual planted area of rice and production paddies averaged 252,944 ha and 1,462,453 tons/y in Taiwan, respectively, during this period. The R SP value ranged from 1.0 to 4.3 depending on the rice variety (Elauria et al., 1999) . For the most frequently planted varieties, the value of 1.11, as suggested by the Food and Agriculture Organization of the United Nations (FAO), was used.
RESULTS AND DISCUSSION
Processed Formosat-2 Images
The FS-2 images of the study area taken before 11/10/2009 and after 12/4/2009 for the spring harvest season are shown in Figs. 2(a) and 2(b) , respectively. The multispectral images were pan-sharpened to a 2-m spatial resolution and orthorectified to a RMSE of 3 m for geometrical registration. As shown in Fig. 3 , the good agreement between the boundary of the rice paddies from the land use data and that shown in the images indicates the high spatial resolution and geometrical accuracy of the processed FS-2 images. This is essential for integrating the vectored GIS data and images to enhance the performance of image classification.
In addition to geometrical accuracy and high resolution, the resulting images provide good visual indication of the burnt area and state of rice paddies in a suitable spectral setting. The change in color of the rice paddies across the harvest period is evident in the multi-date FS-2 images. The dominant yellow-green in the image taken on 11/10/2009 indicates the ripening stage of growth ( Fig. 2(a) ), which dramatically turns to brown in the image taken 3 weeks later, when most of the paddies had been harvested (Fig.  2(b) ). Some of the rice paddies located in the southwestern part of the study area were harvested earlier in the season, indicating a variation in harvest time, and their effects on the classification of the RSOB themes are not discussed in this paper because the number of multi-date images is insufficient. Further research to integrate multi-date imagery change detection and classification would elucidate this issue. As shown in Fig. 2(b) , potential RSOB areas can be visually distinguished from images taken after the harvest season by their burned black color.
Training and Verification for Image Classification
During the 2 days when clear FS-2 images were taken, the ground team successfully identified 43 parcels of paddy as training sites, which are shown in the circles in Fig.  2(b) . For some particular paddies that contained more than one cover type in a parcel, such as those that were partly burned or contained weeds, the determination was based on what type occupied the largest coverage area. Similarly, in the corresponding image, the pixels within a parcel of paddy could be categorized into various types. Regardless of whether the mixed type of a parcel was attributed to the ground situation or image noise, the type determination for the resulting classification was also based on the coverage area. With a visual examination of paddies that were identified in the concurrent FS-2 image, 831, 864, 933, 932, 1008 , and 134 pure pixels were collected as the training samples for Types A, B, C, D, E, and F, respectively. The spectral values (i.e., digital number, DN) for the collected pixels of the same type were averaged and are shown in Fig.  4 . Based on the response of the green band, the 6 spectra can be directly classified into 3 groups: Group I (Types A and B), Group II (Types E and F), and Group III (Types C and D). The 2 types relevant to the burned area (i.e., Group III) can be distinguished from the 2 unburned ones (i.e., Group I). In Group II, Type F can be differentiated from Type E by its high green to red ratio. Type E has a similar spectral shape to Type C but has a distinct response in blue. In addition, types with weed growth have a higher green to red ratio, which can be used to differentiate types in the same group, such as Types A and B and Types C and D. The setting of FS-2 visible bands is generally appropriate for the predefined classification scheme.
Using the training data pixels as the numerical signature, the FS-2 image taken on 12/4/2009 was automatically classified using supervised classification with the maximum likelihood decision rule. Because the ground-truth data type was identified on a per parcel basis, the accuracy of classification was evaluated by comparing the classification result to the total 119 parcels of paddy (ground-truth data) within the verification area (Fig. 5) . As mentioned, the day the mobile team labeled the verification parcels was not the same as when FS-2 was taking the images for classification. Therefore, the ground-truth data were rechecked again on 12/5/2009 to ensure that the identified labels had not changed. As shown in Fig. 5(a) , the verification area contained 57 parcels of paddy labeled Type A, 22 for Type B, 14 for Type C, 19 for Type D, 5 for Type E, and 2 for unknown. No rice paddy was Type F.
By overlapping the labels with the classified map ( Fig.  5(b) ), the error matrix was constructed based on parcel-byparcel comparisons between the ground-truth data and the corresponding results of the automated classification. Table  4 lists the error matrix, producer's accuracy, user's accuracy, and the overall accuracy of the classification results. As shown in the error matrix, most of the errors (i.e., nondiagonal elements) were attributable to mistaking Types A for B, Types B for A, and Types C for D. For example, the error matrix indicated that 4 of the 19 parcels that should have been classified as Type D were omitted from that category, resulting in the low producer's accuracy of 79%. In addition, 9 of the 27 parcels that should not have been classified as Type B were included, resulting in the lowest user's accuracy of 67%. An overall accuracy of 87% was achieved and all of individual accuracies were greater than 80%, with the exception of the 2 mentioned cases. A low threshold of 0.01 was attained in the supervised classification, indicating that approximately all of the parcels in the verification area were spectrally distinguishable using the numerical signature and classification scheme. The elements underlined in the error matrix (Table 4) showed that only 1 of the 33 parcels of burned area (Types C and D) was mistaken for the other types, causing a low error rate of 3% and further demonstrating the validity of the purposed classification scheme. The overall accuracy for the B value Chang et al., Aerosol and Air Quality Research, 13: 474-487, 2013 482 Fig. 3 . A near view of the example areas A and B denoted in Fig. 2(a) . estimation increased from 87% to 98% if we ignored the errors (italics and bold elements in the error matrix) that were irrelevant to the classification of burned area.
Estimating the B Value Based on Burned Area Classification and Mapping
Fig . 6 shows the verified results of the image classification for the burnt area mapping during the second harvest season of 2009. In addition, 89% of the total study area was successfully classified into the 6 predefined categories, with Type A at 13.5%, Type B at 27.6%, Type C at 14.0%, Type D at 13.2%, Type E at 19.4%, and Type F at 0.9%. The B value that was estimated from the results of image classification was 27.2% (i.e., a combination of Types C and D).
The comparison of the B values developed in this study and cited in previous literature is listed in Table 5 . The B value of 0.27 that was developed in this study is the first visualized result for the percentage of rice straw subject to open burning at the regional level. As one of the most uncertain parameters in the EI (Venkataraman et al., 2006; Kanabkaew and Oanh, 2011) , the B value varies considerably regarding where it is derived and the various survey methods. The B value is essentially a country-specific parameter that must be obtained locally (IPCC, 2006) . However, the approaches for obtaining B are typically general and inconsistent, which may cause varied estimations. For example, Gadde et al. (2009) concluded that the chief reason for the differences in air pollutant emissions from RSOB in their study and that of other studies (Streets et al., 2003) was the methodology they used to estimate the B value, as shown in Table 5 . Most of the country-specific data obtained by field surveys [Thailand: Tipayarom and Oanh (2007) ; The Philippines: Gadde et al. (2009) ], such as personal interviews and questionnaires, are higher than those reported in government documents [Thailand: Gadde et al. (2009); Kanabkaew and Oanh (2011) ] or surveyed by a national program [India: Gadde et al. (2009)] . Furthermore, B values suggested by the IPCC and estimated at the continental or global level (Hao and Liu, 1994; Streets et al., 2003) were lower than those surveyed at a local or regional scale. In Taiwan, the fraction of RSOB claimed by government agencies occasionally only represents the part of the inprocess burning that has been identified, which may be the reason air pollution problems from RSOB remain a leading public concern (TWEPA, 2007) , despite the espoused percentage of RSOB decreasing. For an EI, the B value of 0.27 developed in this study may be more accurate.
Emissions Inventory for Rice Straw Open Burning in Taiwan
An annual amount of 438,297 tons of rice straw subject to open burning was estimated using Eq. (2) and the B value developed in this study. This is equivalent to 1.73 tons of annual estimate of air pollutant emissions from RSOB was calculated using Eq. (1) and is provided in Table 6 . CO 2 is (a) (b) Overall acc. = 87% Underlined elements: errors relevant to the "burned area" classification. Italic and bold elements: errors not relevant to the "burned area" classification. Chiu et al. (2011) indicated that RSOB is a significant PAH emission source because it substantially increases the particulate matter (PM), polycyclic aromatic hydrocarbon (PAH) concentration, and PAH dry deposition in the ambient air of a rice paddy during an open burning event. In this study, the annual emissions from RSOB were estimated to be 6,101 tons of PM (PM 10 + PM 2.5 ) and 2 tons of total PAH. In addition, the overall dioxin EI in Taiwan shows that emissions from RSOB are 7.7 g I-TEQ/yr, ranking fourth (8.1%) among the 18 sources we studied . Based on the new value of B developed in this study, the PCDD/Fs emissions from RSOB are estimated to be 17.0 g I-TEQ/y and 16.2% of the total, making it the fourth largest source in Taiwan. However, the percentage of emissions from RSOB is the third highest, exceeding that of iron and steel production, if the B value is increased from 0.27 to 0.35. For other pollutants, such as CO, NO x , SO 2 , and NMHC, the contributions from RSOB do not play a significant role in the national emissions (Tipayarom and Oanh, 2007) . However, emissions from RSOB have a considerable effect on the local ambient air quality because their occurrence is concentrated in 2 months of the year and confined to specific regions (Yu, 2012) .
CONCLUSIONS
RSOB has been proven to be a significant source of air pollution in Taiwan (Shih et al., 2008; Wu et al., 2010; Yu, 2012) . However, the answer to how much rice straw is burned in fields is unclear and has perhaps been incorrectly estimated by previous methods. This study developed a remote sensing approach by classifying the FS-2 imagery taken during the rice harvest season to map the burned areas and provide visualized estimation with high accuracy. This novel approach provides a practical and feasible solution to the management of RSOB during the harvest season.
However, the B value developed in this study was based on 2 FS-2 scenes over 25% of the area of rice planted in Chiayi County. A study that covers a larger area is required to ensure that the B value is representative across Taiwan. The principal conclusions of this study are as follows:
(1) The RSOB area, including both the paddies recently burned and those with weeds following burning, can be distinguished spectrally from other types by their lower responses in the 3 visible bands of the RSI sensor, particularly in the green band. (2) The results of the supervised classification were verified using field data, and an overall accuracy of 98% for identifying the burned areas of rice paddies was achieved, with 27.3% (B value) of the paddies in our study area being open-burned during the second harvest season in 2009. The burned area was spatially inconsistent within the study area because of the varied timing of the harvesting. Regions that were harvested early had a higher density of burned sites, less weeds regrowth, and more paddies that had been prepared for the next crop season. (3) The B value developed here is higher than that suggested by the IPCC and assessed by experts at the global level, but is more comparable to that obtained in other rice-producing countries and mirrors the level of public concern in Taiwan. (4) Based on the estimated B value, a comprehensive inventory of air pollutant emissions from RSOB in Taiwan was presented in this work, including greenhouse gases, particulate matters, and harmful air pollutants. The results indicate that CO 2 is the primary gas resulting from RSOB that contributes to the greenhouse effect, which is equivalent to the emissions of 42,661 people in Taiwan. (5) The B value is one of the main parameters that contribute to the uncertainty of the emissions inventory, which can lead to differing management practices. For example, depending on the B level, emissions from RSOB may be the third or fourth highest source of PCDD/Fs in Taiwan.
